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ABSTRACT

Theproliferationof dataexchangeontheInternetpresents
achallengein thefield of copyright protection,astheunau-
thorizedduplicationanddistributionof multimediadatabe-
comeeasier. Digital watermarkinghasbeenproposedto
solve theproblem.However, mostimagewatermarkingal-
gorithmslose synchronizationunderrotation, scalingand
translationoperations.Severalpapershave beenpublished
to addressthe problem. Most of themusemethodsin the
Fourier transformdomain. In this paper, we proposean-
other approachutilizing circular Gaussianfilters. Experi-
mentalresultsaregivento demonstratetheeffectivenessof
ouralgorithm.

1. INTRODUCTION

In thelasttenyears,theInternethasgrown rapidly. This
fact,combinedwith thesuccessof personalcomputers,makes
thepiracy of multimediadataeasier, andthereforepresents
a challengein thefield of copyright protection.As a possi-
ble solutionto this problem,digital watermarking,which is
embeddingcopyright informationinto thedata,hasdrawn a
lot of attention.However, mostimagewatermarkingalgo-
rithmsfail whentheimagegoesthroughgeometricaltrans-
forms,suchasrotation,scalingandtranslation(RST).The
reasonis thatgeometricaltransformsdestroy theimagesyn-
chronizationwhichis vital tomostwatermarkingalgorithms
[1, 2]. Severalmethodshave beenproposedto addressthis
problem[3, 4, 5, 6]. Most of themusethe translationin-
variantpropertyof theFourier transformmagnitudecoeffi-
cients.In this paper, we presentanotherapproachbasedon
circularGaussianfilters.

The restof the paperis organizedas follows: In Sec-
tion 2, we review thepropertiesof circularGaussianfilters.
The algorithmis describedin Section3. Experimentalre-
sultsaredemonstratedin Section4. At theend,we present
conclusionsandcommentsin Section5.

2. CIRCULAR GAUSSIAN FILTERS

A 2-D filter is calleda circular filter if its impulsere-
sponse,�������	��
 , satisfiesthefollowing requirement:if �
���������� ���� ������ , then ����� � �	� � 
 � ����� � �	� � 
 . If we apply
a circularfilter to an imageandsort thefiltered imageinto
anorderedvector, assumingthatwedisregardtheboundary
situations,it is obvious that the orderedvectoris the same
regardlessof therotationandtranslationof theoriginal im-
age.

The2-D Fouriertransformof function ����������
 is defined
by [7]
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TheinverseFouriertransformis then[7]
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Oneusefulpropertyof theFouriertransformis thatscaling
in theoriginalspatial/timedomaincausesaninversescaling
in thefrequency domain.If � �9����������
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ThecircularGaussianfilter is aspecificclassof circular
filter. Its impulseresponseis
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It is well known that the Fourier transformof a Gaussian
function is still Gaussian. The Fourier transformfor the
functionin equation(4) is
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Furthermore,assumingJLK�M�N�O�P is a Gaussianfilter as de-
scribedby equation(4) and QRK�S5N	T�P is its Fouriertransform,
if

JVU>K�M�N�O�P0WXK�Y'Z�[�K*\ M�]C^HO�]_@` U ] P	P�a�K _>b=` U ] PIN (6)

where
` U W�c `

, thenits Fouriertransform

Q U K�S5N	T�P,WdQRK9c�S5NEc�T�PIe (7)

Therefore,scalingtheparameterof
`

of a Gaussianfilter is
equivalentof scalingits frequency response.

3. ALGORITHM

A circularGaussianfilter

J>f@K�M�N	O�P,WXK�Y'Z�[�K*\ M
]g^HO�]_>` ]f P�P�a�K _/b=` ]f P (8)

is appliedon an image hIf8K�M�N�O�P , andthe resultingimageisi f8K�M�N	O�P . Assumingjlknm is theenergy of hBf8K�M�N	O�P and jloLm
is the energy of

i f8K�M�N	O�P , we candefinethe energy factorp oLmk m W�jloLmqa/jlknm . If theimageis spatiallyscaledby afactorc , i.e., hsr@K c�M�NEc�O�P0W�hIf�K�M�N	O�PIN (9)

we know from Section2 thatby usinga circularGaussian

filter J8r>K�M�N	O�P,WtK�YBZ�[�K	\vusw�x=yBw]Ez w{ P�P�a�K _/b=` ]r P , wherè rGW|c ` f ,

we can obtain a result image
i r/K�M�N	O�P that producesthe

sameenergy factor (i.e., p o {k { W}jlo { a/jlk { W p o mk m ). Al-
thoughthe above derivation is for analogimagesand fil-
ters,their digital counterpartsfollow the samerelationship
closely, giventhatreasonableinterpolationis used.

To embeda watermarkin a grayscaleimage,first we
normalizethe size of the imageto remove possiblescal-
ing effects.Givenimage h anda presetenergy factorrange~ p \���N p ^d��� , we adjust

`
of a circular Gaussianfilter to

producea resultingimage
i

thatgivesan energy factorin
thatrange.Using

`
anda presetvariable

` U , we decidethe
scalingfactor c U W ` U a ` and thenadjustthe size of the
image h U K c U M�N;c U O�PCWdh�K�M�N�O�P .

Second,we applytheGaussianfilter

J�U>K�M�N�O�P,W�K�YBZ�[�K	\ M
]C^�O�]_@` U ] P	PEa�K _/b=` U ] P (10)

on h U for � times. Thedifferenceimage � of the �L�	� and
the K��G\���P*�	� timeis computed.Thelocationsof pixelswith
largeamplitudesin � areusuallythelocationsof dominant
edges.Theselocationsaregoodplacesto embedthewater-
marksincehumanvisual systemsarelesssensitive around
theedges.WeapplytheGaussianfilter severaltimessothat
the locationsof dominantedgesareselectedwhile the ef-
fectsof shortedgesandnoisearesuppressed.A threshold�
is calculatedusinga predeterminedfunction. Theelements
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Figure1: Block diagramof thewatermarkingprocess

in � , whoseamplitudesaregreaterthan � , areselectedand
sortedinto anorderedvector \�T@� . Thewatermark\� � thatwe
useis a randomvectorof dimension � . The valuesof \� �
are �1� . First, \� � is multiplied by a factor � to increasethe
watermarkenergy. Because� is very smallcomparedto the
dimensionof \�T � , denotedby � , we thenstretchit to

\ �� U to
matchthedimensionof \�T � usingthefollowing equation:

\�\�\�\ �� U K���PCW \�\�\ �� K���P'N K���\��qP*�
� � ��� �=�

� e (11)

An image   is createdfrom
\ �� U by matchingthe relation-

shipof � and \�T@� (i.e., if �¡K�¢;N9£�P¤W \�T@��K��¥P , then  ¦K�¢;N9£�PgW\ �� U2K��¥P ). The watermarkimage  ¨§ is definedby  ¨§¡W ©\ª ¬«­J U , where « denotes2-D convolution.  ®§ is
addedto h U andtheresultis scaledto theoriginal size.The
grayscalevaluesarethenroundedandclippedto createthe



watermarkedimage.A blockdiagramis givenin Figure1 to
illustratethewatermarkingprocess.Themappingbetween¯

and °±²@³ for thewatermarkedimagewill bedifferentfrom
themappingof theoriginal image.Thereasonof addinǵ¨µ
insteadof ´ is to suppressthe effect of the watermarking
processsothat themappingsfor thewatermarkedimageis
similar to thatof theoriginal.

Thedetectionprocessis very similar to thewatermark-
ing process.First, thesuspectimageis scaledto achieve a
certainenergy factor. Following stepssimilar to the ones
in thepreviousparagragh,we cancreatea referencewater-
markimage ´t¶µ from asuspectimage.Thenanotherimage·

is createdby
·¹¸»º ¶ ° º ¶g¼G½V¾ , where

º ¶ is the scaled
suspectimage.A testvariable¿ is definedas

¿ ¸ À ´t¶µvÁ ·0Â
Ã

À ´t¶µ Á ´t¶µ Â À · Á ·0Â�Ä (12)

where Á denotesinnerproduct. By thresholding¿ , we can
determineif thewatermarkpresentsin theimage.Theblock
diagramis givenin Figure2.

4. EXPERIMENTAL RESULTS

Theabovealgorithmis testedonthe“Lena” image,which
is a8-bit grayscaleimageof size512by 512.Thelengthof
thewatermarkis 20. Theenergy rangeis [0.94990.9501].
Empirically, we pick Å ¾ to be 4, Æ to be 4 and Ç to be 2.
To selectthe elements,we first computethe meanof the
largest2% of thevaluesandsetthethresholdÈ to be20%
of themean.Thepeak-to-peaksignal-to-noiseratio(PSNR)
is 47.1 dB. The original imageand the watermarked im-
agesaregivenin Figure3. ¿ is -0.0013for theoriginal im-
ageand0.0274for thewatermarkedimage.A geometrical
transformthatconstitutesa scalingby a factorof 1.5,a ro-
tationof É@ÊÌË@Í counter-clockwiseandanoff-centercropping
(which is equivalentto a translationanda cropping)is ap-
pliedontheoriginalimageandthewatermarkedimage.The
resultsaregiven in Figure4. In this case,¿ is -0.0023for
the original imageand0.0140for the watermarked image.
Testsonotherimagesshow similarresults.Basically, water-
markedimagesproduce¿ s larger than0.01,while original
imagesproduceboth positive andnegative ¿ s with ampli-
tudeson theorderof É�Î�Ï?Ð . Therefore,if we threshold¿ at
0.01,wecandetectthepresenceof thewatermarkcorrectly.

5. CONCLUSIONS AND COMMENTS

In this paper, we presenta RST resilient imagewater-
markingalgorithmusingcircular Gaussianfilters. Instead
of usingspatialsynchronization,wesynchronizethewater-
mark basedon filtering results. The experimentalresults
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Figure2: Block diagramof thedetectionprocess

show thealgorithmachievesrobustnessto rotation,scaling,
translationandsmallamountsof cropping.

Unlike someexisting algorithms[8, 9, 10], increasing
the energy of the watermarkdoesnot alwaysmake it eas-
ier to detect. The detectionprocessrequiresthe mappings
between̄ and °±² ³ to besimilar for thewatermarkedimage
andthe original image. Suchrequirementwill be violated
whenthewatermarkenergy is too large.

The thresholdof ¿ is now determinedbasedon obser-
vations. In our future study, we will investigatethe false
positive probability to setthe thresholdmoreproperly. We
will also test the robustnessof our algorithm to compres-
sion,histogrammodification,etc.,andadjustthealgorithm
accordinglyif necessary.



(a) original image

(b) watermarked image

Figure3: Original andwatermarked“Lena” image

(a)original image

(b) watermarkedimage

Figure4: Originalandwatermarked“Lena” imageafterge-
ometricaltransform
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